In this study, we build two forecasting models to predict inflation Harmonised Index of Consumer Prices (HICP) for the Netherlands and for the euro area. The models provide point forecasts and prediction intervals for both the components of the HICP and the aggregated HICP -index itself. Both models are small-scale linear time series models allowing for long-run equilibrium relationships between HICP components and other variables, notably the hourly wage rate and the import or producer prices. The model for the Netherlands is used to generate the Dutch inflation projections for the eurosystem's Narrow Inflation Projection Exercise (NIPE). The recursive forecast errors for several forecast horizons are evaluated for all models, and are found to outperform a naive forecast and optimal AR models. Moreover, the same result holds for the Dutch NIPE projections, which have been provided quarterly since 1999. The aggregation method to predict total HICP inflation generally outperforms the direct method, except for long horizons in the case of the Netherlands.
INTRODUCTION
The mandate of the European Central Bank (ECB) is to maintain price stability in the euro area. This goal is given a quantitative content by requiring that the year on year growth of the Harmonised Index of Consumer Prices (HICP) for the euro area as a whole should be close to, but below 2% in the medium term. The ECB is monitoring and forecasting price developments under the first pillar of its monetary policy strategy. 1 Therefore, forecasting inflation rates has become important for both monetary authorities and private agents who try to understand and react to the central bank's behaviour. The aim of this paper is to describe the procedures used at De Nederlandsche Bank to predict Dutch HICP inflation and a new model to directly predict overall euro area inflation. The models forecast both the components of the HICP, as requested by the euro system's Narrow Inflation Projection Exercise (NIPE), and, for comparison reasons, the total HICP itself. The forecast horizon is 11-18 months ahead. Similar recent papers describing small-scale linear models aimed at forecasting inflation include Banerjee et al. (2003) One of the issues addressed in this paper is that of disaggregation, which can be regarded in three dimensions, that is across components (sub-indices of an index), across time (higher frequency) and across space (different regions of an economic area). In the European context, there is the aggregation of the forecasts of individual countries to a euro area level; see for instance Espasa et al. (2002) , Marcellino et al. (2003) and Benalal et al. (2004) . In this study, we will only address the aggregation of HICP component forecasts. 2 Obviously, there is a clear interest in finding out whether aggregating component forecasts performs better than forecasting the aggregate directly. Aggregating forecasts of component models is potentially beneficial as forecast errors might cancel between components. Moreover, the disaggregate components can be better modelled by choosing a more suitable model for each component separately and by possibly incorporating additional explanatory variables. This argument is indeed apparent in theoretical models, see Lütkepohl (1987) and Hendry and Mizon (1999) . The latter authors assume for instance a known and constant data generation process. However, Hubrich (2001, 2005) and Benalal et al. (2004) find empirical evidence for euro area data and across various specifications that directly forecasting the aggregate HICP performs better than aggregating the forecasted components, especially for a forecast horizon up to 12 months ahead. Apart from the possible efficiency gain, a policy maker also has an interest in forecasting the HICP components to construct a measure for core inflation, defined as HICP excluding the components unprocessed food and energy. These two components are generally considered more volatile and less susceptive to monetary policy.
Another important issue in this paper is the model selection procedure, for which a new heuristic method is developed. The method involves three steps. The first step involves the visual inspection of the data, primarily to detect changing seasonal patterns. This step determines the general structure of the
